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Thank you for the reviewers' comments and the opportunity for us to improve this paper. In the past few weeks, we 1 

have revised this manuscript and highlighted the relevant changes. Revisions have been made to incorporate all of the 2 

reviewers’ concerns with point-by-point responses. The new version has implemented as many improvements as 3 

possible.  4 

  5 

Response to Comments from Reviewer 2 

 6 

The authors proposed proposes a deep ensemble learning to improve performance. This work is meaningful and some comments 7 

below may help authors to improve the presentation of this article.  8 

General Response 9 

The authors would like to thank the reviewer for the professional comments and careful examination. The article is 10 

revised and reorganized based on the constructive comments and suggestions given by the reviewers. Please see the 11 

point-by-point responses for details. 12 

 13 

Comment 2-1 

The Introduction part can be simple and core clearly, you should write concise and explicit about your main 

contributions. 

 14 

Response        15 

We have carefully reviewed the introduction. The introduction was condensed to keep the relevant information. The 16 

introduction part has also been modified to incorporate the newest COVID-CT approaches and references as per 17 

comments 2-12. 18 

 19 

Comment 2-2 

The proposed method in this paper is only used in the COVID dataset and has achieved good results. Please 

explain the generalization and robust performance of the proposed framework. 

 20 

Response        21 

Ensemble modelling of Deep CNN models has been proved to improve the classification performance, when 22 

compared to a single model, by lowering the generalization error as the ensemble can meta-learn from a broader set of 23 

independent features [8]. The purpose of employing Ensemble models is to reduce the generalization error on the test 24 

database by reducing the variance. Ensemble modelling had been used in various fields and found to produce 25 

enhanced results [9]. The presented study only extends this modelling and is limited to Ensemble learning strategies 26 

on Deep CNNs for image classification. Hence image classification capability of the proposed model can be further 27 

explored in different applications like forest fire detection, disease identification, cancer prediction etc. Authors 28 

believe that the proposed model may get robust performance and better generalization compared to single CNN 29 

models in such applications. (mentioned in different parts of the revised version and can notice page 17 including 30 

section 3.9)  31 

 32 

Comment 2-3 

The authors propose a multiple method ensemble, which is derived from the fusion of multiple algorithms. 

Please explain the theoretical computational complexity of the framework. 

 33 
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Response        34 

In Shallow and Deep Meta-Learning Ensemble strategy, the feature maps obtained from the final convolutional layer 35 

of the four trained Deep CNN models were used for meta-learning. For training the meta learning models these 36 

feature maps are used as input rather than the CT scan images. The feature maps are available after training the Deep 37 

CNNs. The time complexity of the framework includes time for training four base CNNs as well as training the meta- 38 

learners. The space complexity of the frameworks includes storing the CT scan images as input for Deep CNNs and 39 

also the output deep feature maps which will then serve as input for the meta learners. The trained parameters of the 40 

base learners and the meta learners need to be saved for inference. Table 6 (in the revised manuscript) shows the total 41 

parameters of the presented models. During inference only these parameters are required in the memory.   42 

The presented Deep and Shallow Meta-Learning Ensemble CNNs models employed meta-learners after the 43 

convolutional layers and hence contained lesser number of parameters. The Attentive Ensemble took the longest time 44 

for inference due to the computationally heavy attention mechanism 45 

The above information is included in the revised manuscript (Page Nos: 20, 21, 22 and 23) 46 

Comment 2-4 

The authors use CNN for global feature extraction and texture feature extraction, more details can be added. 

 47 

Response        48 

Add to section 2.2 page 6 49 

Convolutional Neural Networks (CNNs) have been traditionally used for extracting deep features from image 50 

datasets [47] and have been extended to other machine learning tasks due to its ability to capture complex and 51 

positionally invariant feature maps. CNNs train convolutional kernels to extract simple low-level features in shallow 52 

layers and complex high-level features in deeper layers. CNNs make use of local receptive fields, in which hidden 53 

units are connected to local patches of the lower layer. This allows the network to capture local spatial relationships of 54 

the image pixels. Weight sharing of the kernels enables translation-invariance of the network to objects in images. It 55 

also reduces the number of parameters of the network. CNNs also use pooling as a parameter free down sampling 56 

operation serving to aggregate information. Section 2.2 discusses different CNN architectures used in this work such 57 

as VGG-19, Inception-V3, ResNet-152-v2, InceptionResNet-V2, DenseNet-201, XceptionNet and EfficientNet-B7. 58 

       59 

Comment 2-5 

What is the initialized parameters for meta-learning, and how to choose best? 

 60 

Response        61 

The Ensemble strategies presented in this study use the output generated by four trained base CNNs for meta 62 

learning. In the Voting meta-learning, the softmax scores obtained from the four trained classification models 63 

corresponding to each class were maxed or averaged to obtain the Ensemble model's predicted class. In the Shallow 64 

and Deep Meta-Learning Ensemble strategy, the feature maps obtained from the final convolutional layer of the four 65 

trained Deep CNN models were used for meta-learning. The initial hyperparameters for the models are presented in 66 

Section 2.4 . In Shallow and Deep Meta-Learning Ensemble strategy, the meta-learning models are trained on the 67 

CNN feature outputs. The parameters of the model are optimized while training. Therefore, the initial parameters of 68 

the models are randomly set.  69 

     70 

Comment 2-6 

Some core equations of proposed method are necessary. The optimize flow may display by pseudo-code. 
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 71 

Response        72 

The comment has been addressed in Section 2.3 of the revised manuscript (Page No.  7). Since we are proposing 3 73 

different sets of models (each model contains different algorithms), it is very difficult to insert Pseudo code for all 74 

methods because of the space constraints. We have incorporated details of the proposed method with more clarity.   75 

 76 

Comment 2-7 

Why choose meta optimization, not including grid search, random search, genetic algorithm, paticle swarm 

optimization. How to ensure optimization is robustness. 

 77 

Response        78 

 Ensemble modelling is an approach where multiple separate base models are developed to predict an outcome. The 79 

meta-learners then aggregate each base model's predictions to provide a single final prediction. The ensemble 80 

modelling of Deep CNN models has been proved to improve the classification performance, when compared to a 81 

single model, by lowering the generalization error as the ensemble can meta-learn from a broader set of independent 82 

features [8]. Ensemble models are used to reduce the generalization error on the test database by reducing the 83 

variance. 84 

 85 

Ensemble Learning Model 86 

In this study, meta-learners are used to combine the four Deep CNN outputs. The Deep CNN models were trained 87 

using Adam optimizer for convergence. These meta-learners are optimized by training them on the output of the 88 

Deep CNN. The methods in the review comment (grid search, random search, genetic algorithm, particles swarm 89 

optimization) are search strategies or heuristic strategies used for hyper-parameter optimization and not for 90 

synergizing in Ensemble learning (modified in page 3).  91 

  92 

Comment 2-8 

In the experimental part of section 4, what is way to select a part of dataset for meta learning. 

 93 

Response        94 

95% of the database was used for 5-fold cross validation. The rest 5% of the database was used for testing. In the 5- 95 

fold cross validation dataset, 80% was used as training and 20% was used for cross validation during each fold. Table 96 

1 ( page 13) shows the database split. A pseudo random split generator was used to obtain the train, validation and 97 

test datasets.  This allows the proposed model to trained and evaluated on the same data splits. 98 

 99 

Comment 2-9 
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The proposed method only runs a dataset, the performances are better other approaches, however, how to 

verify the proposed method is robustness? This web gives 6752 samples and 617,775 slices. Chest CT images 

are deposited into the China National Center for Bioinformation at the website (http://ncov-

ai.big.ac.cn/download?lang=en). 

 100 

Response        101 

The robustness of the proposed framework to generalization was tested by evaluating the trained model on a subset 102 

of a Chinese CT Scan database [11]. 1470 CT scan images were tested to classify them as COVID infection, common 103 

pneumonia or Normal condition. Table 6 shows the accuracy and F1 score of the evaluated models on Chinese CT 104 

Scan database. The Deep CNN models struggled to classify some images due to the variance in the Chinese data 105 

distribution compared to training database. The proposed models could perform decently, ensuring the Ensemble 106 

approach's generalisation capability. 107 

Table Evaluation Metrics on Chinese CT Scan database 108 

Model   Accuracy F1 Score  

VGG-19   0.8880 0.8879 

Inception-v3   0.8977 0.8974 

ResNet-152-v2   0.9253 0.9251 

InceptionResNet-v2   0.9499 0.9498 

DenseNet-201   0.9482 0.9481 

Xception   0.9511 0.9508 

EfficientNet-b7   0.8794 0.8794 

Average Ensemble CNNs   0.9641 0.9641 

Majority Ensemble CNNs   0.9710 0.9698 

Logistic Ensemble CNNs   0.9402 0.9401 

SVC Ensemble CNNs   0.9395 0.9394 

Decision Tree Ensemble CNNs   0.9513 0.9511 

Naïve Bayes Ensemble CNNs   0.9381 0.9369 

KNN Ensemble CNNs   0.9290 0.9287 

Random Forest Ensemble CNNs   0.9644 0.9643 

Bagging Ensemble CNNs   0.9597 0.9597 

AdaBoost Ensemble CNNs   0.9644 0.9643 

Gradient Boosting Ensemble CNNs   0.9750 0.9747 

NN Ensemble CNNs   0.9766 0.9765 

FCN Ensemble CNNs   0.9749 0.9749 

Attentive Ensemble CNNs   0.9784 0.9782 

 109 

Comment 2-10 

In Section 3, the author only verified the value of the best performance obtained in the experiment {27,...,34}, 

please conduct comparative experiments with more values. 

 110 

Response      111 

The mentioned references propose different Deep CNN architectures namely VGG [1], Inception [2], ResNet [3], 112 

InceptionResNet [4], DenseNet  [5], XceptionNet [6] and EfficientNet [7]. Various pretrained versions of each of these 113 

architectures are made publicly available by the corresponding authors. VGG-19, Inception-V3, ResNet-152-v2, 114 

InceptionResNet-V2, DenseNet-201, XceptionNet and EfficientNet-B7 were used in this study as they were presented 115 

as the latest versions encompassing the state-of-the-art CNN design. This study aims to select only four base models 116 

for Ensemble learning. Comparative experiments of seven Deep CNN models are already presented in this study.   117 
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Comment 2-11 

The gender or age is a key factor, considering it may have new gains. 

 119 

Response 120 

The presented study is limited to Ensemble learning strategies on Deep CNNs for image classification. The gender 121 

and age of the patients are not disclosed in the database used for this study. 122 

      123 

Comment 2-12 

The newest COVID-CT approaches may add this work as compared learning methods. For example, 

references’ methods can be included. 

 124 

Response        125 

Latest approaches for COVID-CT scan classification works are incorporated in Section 1 of the revised manuscript. 126 

      127 

Comment 2-13 

G-mean can be measured imbalance dataset, which is a metric in this work. 

 128 

Response        129 

F1-Score is the metric used in the work to measure the efficiency of the proposed model when evaluated in the 130 

imbalanced dataset. The F1-score calculates the harmonic mean of precision and recall rather than the geometric mean 131 

calculated by the G-mean. 132 

 133 

Comment 2-14 

Descriptions of COVID19 biology significance combing deep learning methods are given in the section of 

Results or Discussion. 

 134 

Response    135 

 The description of covid 19 biological significance combining deep learning method is added in introduction session. 136 

 137 
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Abstract: The infectious nature of the COVID-19 virus demands rapid detection to quarantine the 210 

infected to isolate the spread or provide the necessary treatment if required. Analysis of COVID-19 211 

infected chest Computed Tomography Scans (CT scans) have been shown to be successful in 212 

detecting the disease, making it essential in radiology assessment and screening of infected 213 

patients. A single model Deep CNN models have been used to extract complex information 214 

pertaining to the CT scan images allowing for in-depth analysis and thereby aiding in the 215 

diagnosis of the infection by automatically classifying the chest CT scan images as infected or non- 216 

infected. The feature maps obtained from the final convolution layer of the Deep CNN models 217 

contain complex and positional encoding of the images’ features. The ensemble modelling of these 218 

Deep CNN models has been proved to improve the classification performance, when compared to 219 

a single model, by lowering the generalization error as the ensemble can meta-learn from a 220 

broader set of independent features. This paper presents Deep Ensemble Learning models to 221 

synergize Deep CNN models by combining these feature maps to create deep feature vectors or 222 

deep feature maps that are then trained on meta shallow and deep learners to improve the 223 

classification. This paper also proposes a novel Attentive Ensemble Model that utilizes an 224 

attention mechanism to focus on significant feature embeddings while learning the Ensemble 225 

feature vector. The proposed Attentive Ensemble model provided better generalization, 226 

outperforming Deep CNN models and conventional Ensemble learning techniques as well as 227 

Shallow and Deep meta-learning Ensemble CNNs models. Radiologists can use the presented 228 

automatic Ensemble classification models to assist identify infected chest CT scans and save lives. 229 

Keywords: Deep learning; Covid-19 prediction; Ensemble classification; CT scan images 230 

 231 

1. Introduction 232 

The Coronavirus disease (COVID-19) is an infectious disease caused by severe 233 

acute respiratory syndrome coronavirus 2 (SARS-CoV-2). The surge of the disease since 234 

late 2019 evolved into a pandemic affecting billions of people and thousands of sectors.  235 

The reverse transcriptase-polymerase chain reaction (RT-PCR) test is regarded as the 236 

gold standard for confirming COVID-19 infection [1]. The shortage of RT-PCR kits and 237 
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the need for intimate interaction with the patients while testing can pose a major 238 

problem for rapid detection and infection discovery. Radiological analysis of Computed 239 

Tomography (CT) scans and X-ray chest images have proved effective in finding 240 

symptoms caused by the COVID-19 disease in infected patients [2] and can be formed as 241 

a first line of instantaneous detection before RT-PCR testing. These images analysis and 242 

finding accurate diagnosing required automatic tools with minimum human 243 

interruption like machine learning and deep learning. Deep Learning have been gaining 244 

popularity in recent years for analysis of unstructured data like medical images with 245 

Deep convolutional neural networks (CNNs) being used extensively [3] due to its ability 246 

to capture complex and positional features thereby aiding doctors while diagnosing 247 

patients. 248 

Many of these state-of-the-art (SOTA) Deep CNN architectures are developed and 249 

open sourced by universities, companies, and research institutions for further 250 

improvements thus, contributing to the extraordinary pace of machine learning research 251 

and development. For domain-specific problems, these models may be retrained or fine- 252 

tuned with pre-trained weights available for popular or domain-specific databases. 253 

Various deep-learning models have been suggested and evaluated for COVID-19 254 

prediction from CT scans images. CNN based long short-term memory network is used 255 

for COVID-19 classification from pneumonia [4]. Better accuracy was obtained in the 256 

proposed model compared to SOTA machine learning models. A Genetic Deep Learning 257 

Convolutional Neural Network (GDCNN) was applied for effective COVID-19 258 

prediction [5]. The estimation of COVID-19 diagnosis is performed using 3D CT images, 259 

which use different levels of ResNet architecture [6]. GoogleNet Inception v3 with 260 

transfer learning capability was proposed for efficient covid prediction in [7]. Severity 261 

prediction for COVID-19 has been implemented using image segmentation and VB-Net 262 

[8]. Several efficient individual models are reported on CT scans images for COVID-19 263 

detection [9-12]. It has been shown that the detection of the most effective model from a 264 

group of CNN methods is ambiguous because the task involves several performance 265 

metrics. Various proven Deep CNNs like AlexNet, VGG, DenseNet, SqueezeNet, 266 

GoogleNet (Inception Net), MobileNet, ResNet, Xception experimented for COVID 267 

radiology studies [13-15]. Efficient Nets were used as base feature extractors in [16-18]. 268 

These models proved to be useful with transfer learning as they were pre trained on the 269 

ImageNet database. Various improvements to the proven Deep CNNs were presented in 270 

[19-22] proposed spiking neural networks which gave a F1 score of 0.74 for on CT scan 271 

database. These studies utilize a single CNN classifier which can overfit the test 272 

database resulting in high variance and low generalization on real-world systems. 273 

It is proved that ensemble learning of different CNN architectures in a suitable 274 

format will improve the feature extraction capability of machine learning [23]. Studies 275 

have shown that Ensemble modelling of the SOTA Deep CNN architectures produces 276 

better generalization on medical image databases compared to a single Deep CNN 277 

model [24-27] where Conventional Ensemble techniques in machine learning and Deep 278 

CNN make use of the base models’ final predictions to improve the classification. Model 279 

voting techniques are already used to perform either average or majority votes to get 280 

final predictions. The other work to improve Covid-19 prediction used ensemble 281 

learning methods and Bagging techniques to train the base model on different instances 282 

of the training data and aggregate the model instances. Boosting techniques aggregate 283 

different instances of the model where each model instance is an improved version of 284 

the previous model [28]. In this paper, we take advantage of the feature maps generated 285 

by Deep CNN architectures rather than the final predictions produced by the model. 286 

These deep feature maps are concatenated and fed into machine learning or deep meta- 287 

learners. The intuition behind this approach is that the deep feature maps characterize 288 

generic information about the data hence allowing the meta-learners to extract better 289 

features pertaining to the data. [29] presented an adaptive boosting technique to 290 

improve ResNet model for CT scan inference. [30] studied a gradient boosting technique 291 
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over wide ResNet and compared its results to ResNet, DenseNet and InceptionNet. The 292 

boosted ensemble gave an accuracy of 87.7% for CT scan inference. [31] presented a 293 

multi stacked ensemble were the output of three meta learners namely SVM, 294 

Autoencoder, Naive Bayes were combined using model voting for the final output. [32] 295 

presented a voting Ensemble of three base CNNs where majority voting of the final 296 

probabilities gave the final Ensemble output. [33] studied stacking generalization 297 

ensemble of the VGG where the database was bootstrapped to improve the VGG 298 

classifier’s accuracy to 93.57%. 299 

Most of the existing Ensemble techniques present voting, stacking, boosting and / or 300 

bagging the final predictions of the base learners. The Ensemble study also limits to two 301 

or three CNNs as base learners and concentrates on binary classification which pertain 302 

less variance in the dataset. These models use Deep CNN classifiers as the base learners 303 

where the output feature maps from the Deep CNNs are passed onto a classification 304 

head to obtain the final probabilities. But the feature maps represent deep spatial 305 

information pertaining to the CT scan image which is lost when flattened for the 306 

classification head. Therefore, the feature maps offer to be a richer embedding compared 307 

to the final probabilities. This makes the feature maps more suited to be the input of the 308 

meta-learner while Ensemble modelling. The presented Ensemble models use the 309 

feature maps from four Deep CNN feature extractors and pass them to shallow and 310 

deep meta-learners for better generalization. The evaluation of these can be improved by 311 

using N-fold cross validation thereby utilizing the entire database. 312 

Deep Learning approaches have been found to outperform learning machine 313 

algorithms while processing large databases with vast input features. With the 314 

introduction of attention mechanisms in [34], recent architectures like Transformers have 315 

extensively been used for state-of-the-art (SOTA) published results [35], [36]. Attention 316 

allows the model to focus on other embeddings in the ensemble that need to be paid 317 

attention to while processing one particular embedding which allows for a more direct 318 

dependence between the embeddings of the Ensemble. Convolutional Neural Networks 319 

have been traditionally used for extracting deep features from image datasets [37] and 320 

have been extended to other machine learning tasks due to their ability to capture 321 

complex and positionally invariant feature maps. From visualizations of the final 322 

convolutional activation representations of various Deep CNN architectures, it was 323 

observed that these models learn similar complex and positional features pertaining to 324 

the data [38], [39]. Hence, it would be reasonable to learn the inter-dependence between 325 

the Ensemble feature maps through attention. 326 

This paper contributes to the development of different ensemble learning 327 

mechanisms for machine learning and CNN to extract deep features from the chest CT 328 

scan image by utilizing the concept of deep meta-learning and attention mechanism. 329 

Initially Deep CNN architectures namely VGG-19, Inception-V3, ResNet-152-v2, 330 

DenseNet-201, InceptionResNet-v2, Xception and Efficientnet-B7 that trained with five- 331 

fold cross-validation to extract deep features from the chest CT scan images. These 332 

classification models were optimized for the dataset by tuning their hyper-parameters 333 

and were then evaluated on the test image database. Out of these, the four best- 334 

performing models (ResNet-152-v2, Densenet-201, Xception, and EfficientNet-B7) have 335 

proceeded for ensemble learning. This paper proposes four groups of Ensemble learning 336 

mechanisms to predict COVID-19 from CT scan images. 337 

i. Normal machine learning meta-learning Ensemble CNNs models where the feature 338 

vectors extracted by the deep CNNs are concatenated and fed to various machine- 339 

learning models to classify the infected CT scan images. 340 

ii. Deep meta-learning Ensemble CNNs models that concatenate the extracted feature 341 

maps from the trained CNN models and then use Neural Network (NN) or Fully 342 

Convolutional Network (FCN) architectures to classify the infected CT scan images. 343 
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iii. A novel Attentive Ensemble CNNs model that uses attention encoders to 344 

dynamically learn the relative importance between the feature maps extracted by 345 

the deep CNNs so as classify the infected CT scan images. 346 

iv. Voting Ensemble Learning models that classify CT scan images by average voting 347 

or majority voting of the predicted probabilities of the four trained CNN models. 348 

The rest of the paper is organized as follows. Section 2 provides a background of 349 

different deep CNN architectures followed by brief descriptions of various machine 350 

learning and deep learning models used as meta-learners for ensemble modelling. 351 

Section 3 explains the methodology of existing and proposed ensemble learning 352 

approaches. Experimental evaluation and results are presented in Section 4 and finally, 353 

Section 5 concludes the paper. 354 

2. Materials and Methods  355 

2.1. Database 356 

This study utilized the dataset of COVID-19, Normal, and Pneumonia chest CT scan 357 

axial slices from  [40-45] integrated in [46] after removing duplicated datasets. The 358 

dataset has been used in COVID-19 diagnosis literature and has proven its effectiveness 359 

and efficiency in deep learning applications.  360 

 

Figure 1. Distribution of Classes in the Image Database. 361 

The entire database contains infected chest CT scan images of 7,593 COVID-19 cases 362 

and 2,618 viral pneumonia cases, as well as 6,893 normal cases as shown in Figure 1. 363 

 364 
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Figure 2. Covid 19 Sample CT scans. 366 

 367 

Figure 3. Viral Pneumonia Sample CT scans. 368 
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Figure 4. Normal Sample CT scans. 369 

Figure 2 provides some sample lung CT scan images of COVID-19 infected patients. 370 

Figure 3 and Figure 4 shows some lung CT scan image samples of viral pneumonia 371 

patients and some normal lung CT scan image samples respectively. 372 

 373 

 374 

 375 

2.2. Deep CNN Architectures 376 

Convolutional Neural Networks (CNNs) have been traditionally used for extracting 377 

deep features from image datasets [47] and have been extended to other machine 378 

learning tasks due to its ability to capture complex and positionally invariant feature 379 

maps. CNNs train convolutional kernels to extract simple low-level features in shallow 380 

layers and complex high-level features in deeper layers. CNNs make use of local 381 

receptive fields, in which hidden units are connected to local patches of the lower layer. 382 

This allows the network to capture local spatial relationships of the image pixels. Weight 383 

sharing of the kernels enables translation-invariance of the network to objects in images. 384 

It also reduces the number of parameters of the network. CNNs also use pooling as a 385 

parameter free down sampling operation serving to aggregate information. This section 386 

briefly discusses different CNN architectures used in this work such as VGG-19, 387 

Inception-V3, ResNet-152-v2, InceptionResNet-V2, DenseNet-201, XceptionNet and 388 

EfficientNet-B7. The Deep CNNs automatically extract important features pertaining to 389 

the dataset thereby removing the need for handcrafted feature engineering.  390 

VGG-19 [38] is a standard deep CNN with 19 convolutional layers. VGG-19 391 

employs stacks of 3x3 convolutional kernels with max-pooling layers in between them. 392 

This produces a simple deep architecture where the 3x3 kernels extract complex features 393 

and the max-pooling layers amplify the important features.  394 

The Inception architecture runs multiple parallel convolutions using various 395 

kernels to extract features at various scales [48] as opposed to typical CNNs where the 396 

convolutions are stacked sequentially. The architecture proposes a wider as well as 397 

deeper architecture. The third version of the Inception family is the 48-layer deep 398 

Inception-v3 which utilizes 1x1 pointwise convolution layers to reduce the feature 399 

dimensionality and parameters of the model as well as improve computational 400 

efficiency.  401 

Resnet-152-v2 architecture is 152 layers deep. This version of the architecture 402 

performs batch normalization and ReLU activation before the convolution for a better 403 

identity mapping [49] and is employed in this paper.  404 

The Inception-ResNet [50] architecture utilizes residual connections between the 405 

Inception blocks allowing for better gradient propagation thereby improving the 406 

Inception network’s depth as well as training speed. Inception-ResNet-v2 which is a 164- 407 

layer deep architecture was utilized in this work.  408 
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The DenseNet [51] architecture aims to tackle the vanishing gradient problem in 409 

classical CNNs by introducing dense blocks where each convolution output is forward 410 

propagated to every other convolution layer through skip connections. This study used 411 

the DenseNet-201 architecture, that has 201 layers. 412 

Xception (“Extreme version of Inception”) is a 71-layer deep Inception-inspired 413 

architecture that utilizes depth wise separable convolutions and 1x1 pointwise 414 

convolutions to substantially decrease the model parameters and improving 415 

computation efficiency thereby preventing the model from overfitting the dataset [52]. 416 

EfficientNet proposed a compound factor to consistently scale the baseline model’s 417 

parameters such as resolution, width and depth. This compound scaling allows the 418 

model to adapt to different image sizes by introducing additional layers or channels to 419 

extract deep features [53]. The baseline model is obtained by performing Neural 420 

Architecture Search on the dataset. EfficientNet-B7 inspired by the architecture searched 421 

for ImageNet dataset was utilized in this research. 422 

Ensemble modelling is an approach where multiple separate models are developed 423 

to predict an outcome, either using a variety of modelling techniques or bagging the 424 

training database. The meta-learners then aggregate each base model's predictions to 425 

provide a single final prediction. The purpose of employing Ensemble models is to 426 

reduce the generalization error on the test database by reducing the variance. 427 

2.3. Deep Meta-Leaners 428 

Ensemble modelling had been used in various fields and found to produce 429 

enhanced results [54]. Deep-learning models used as meta-learners for Ensemble 430 

modelling are Neural Network (NN) Architecture, Fully Convolutional Network (FCN) 431 

Architecture and Multi-Head Attention Encoder. Since the former two have been 432 

thoroughly discussed in many articles, a brief overview of Multi-Head Attention 433 

Encoder alone is outlined as the paper purpose a novel approach based on the same. 434 

The Transformer encoder is made of several stacked encoder modules each of 435 

which feeds into the encoder at the next level. Each encoder module employs sub-layers 436 

of Multi-Head Attention and feedforward network where each sub-layer adopts a 437 

residual connection and layer-normalization. The attention encoder output does not 438 

depend on order of inputs. Therefore, positional embeddings were added to the feature 439 

embeddings so that information about order of sequence is retained. The embedded 440 

sequence was passed as query (Q), key (K) and value (V) to the attention encoder 441 

module.  442 

Self-Attention allows the model to focus on other embeddings in the sequence that 443 

need to be paid attention to while processing one particular embedding. Scaled dot- 444 

product attention mechanism was utilized in the self-attention layer as it obtains more 445 

stable gradients by scaling the values to a manageable range. 446 

 447 

                           𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉)   =    𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄 𝐾𝑇

√𝑑𝑘
)  𝑉                                (1) 448 

Multi-Head Attention concatenates multiple self-attention representations to get the 449 

attention output thereby expanding the model’s ability to focus on different parts of the 450 

sequence. The attention output is then passed on to the next encoder module through a 451 

feedforward network with residual connections between sublayers 452 

Figure 5 illustrates the Multi-Head Attention Encoder architecture.   453 

 454 
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Figure 5. Multi-Head Attention Encoder. 455 

 456 

2.4. Methodology 457 

This section explains the proposed Ensemble Learning methodology illustrated in 458 

Figure 6. The proposed method consists of features extraction layer and a classification 459 

layer. Various Deep CNNs are used as feature extractors. The Ensemble models 460 

represent chest CT scan classifiers with Deep CNNs as feature-extracting base learners 461 

and the presented deep and shallow classifiers as meta-learners. Seven popular Deep 462 

CNN architectures were trained and evaluated on the CT scan database. The Deep 463 

CNNs are coupled with the densely connected network for classifying the chest CT scan 464 

images. These models are then trained and hyperparameter tuned to obtain the 465 

optimum Deep CNN classifiers. The four top performing models were used as trained 466 

base feature extractors for Ensemble learning. These Deep CNN feature extractors are 467 

used as base learners in the Ensemble. The features are in the form of model 468 

probabilities or deep feature vector or deep feature map. The classification ensemble 469 

models such as average ensemble, majority ensemble, shallow machine learning 470 

ensembles, NN ensembles, CNN ensembles and attention-based ensembles are 471 

experimented for synergizing the output features from the Deep CNNs and perform the 472 

final classification.  473 

Various state-of-the-art Deep CNN architectures are used to extract deep feature 474 

representations from the CT scan image database. VGG-19, Inception-V3 and ResNet- 475 

152-v2, Densenet-201, InceptionResNet-V2, Xception and Efficientnet-B7 are used as 476 

feature extractors to obtain deep feature maps that were then used to train a fully 477 

connected neural network classification head to get the final model prediction. The 478 

hyperparameters of the Deep CNN feature extractors are optimized in [38, 48,49,51-53]. 479 

These architectures are initialized with ImageNet weights for transfer learning on 480 

224x224 sized images. The classification head was hyper-parameter tuned with different 481 

numbers of layers, a different number of neurons per layer and dropout factors. Dropout 482 

regularization is used to prevent the classification head from overfitting the training fold 483 

database and generalize better on the validation fold. ReLU activation was employed for 484 

learning the non-linearity. The CT scan images were first preprocessed by resizing them 485 

to 224x224 pixels using Bilinear interpolation and rescaling the image intensity to the 486 

range [-1,1] so as to get it into the correct format pertaining to the architectures thereby 487 

making efficient utilization of transfer learning. 488 
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Figure 6. Overview of Methodology.  489 

Average and Majority Ensemble CNNs are described in section 2.4.1. Shallow 490 

Ensemble CNNs are described in section 2.4.2. NN Ensemble CNNs are described in 491 

section 2.4.3. CNN Ensemble CNNs are described in section 2.4.4. Attentive Ensemble 492 

CNNs are described in section 2.4.5. 493 

A four-layer neural network classification head with 25% dropout regularization 494 

gave best results for VGG-19, Inception-v3, ResNet-152-v2, InceptionResNet-v2 models 495 

while a three-layer neural network classification head with 50% dropout regularization 496 

gave best results for Densenet-201, Efficientnet-B7 and Xception models. The models 497 

were trained using Adam [5656] as an optimizer with a learning rate of 0.001 and the 498 

calculated loss being categorical cross-entropy. Figure 7 demonstrates training a Deep 499 

CNN model for feature extraction. The top four best-performing architectures obtained 500 

on evaluating the test was saved as base models for future Ensemble Deep CNNs model.  501 

 

Figure 7. Training Deep CNN Models. 502 

2.4.1. Deep Voting Ensemble CNN Models 503 

In the Voting Ensemble CNN Model, as shown in Figure 8, the softmax scores 504 

obtained from the four trained classification models corresponding to each class were 505 

maxed or averaged to obtain the Ensemble model's predicted class. These models do not 506 

require additional training on 5-fold cross-validation. 507 
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Figure 8. Deep Voting Ensemble Model. 508 

2.4.2. Shallow Meta-Learning Ensemble CNN Models 509 

For Deep Ensemble CNNs using Shallow Meta-Learners, the feature vectors 510 

obtained from the trained deep CNN feature extractors were first stacked to get a deep 511 

feature vector. This deep feature vector was then fed to a machine learning classifier. 512 

Logistic Regression, Support Vector Machine, Decision Tree, Gaussian Naive Bayes, K- 513 

Nearest-Neighbour (KNN), Random Forest Ensemble, Bagging Ensemble, AdaBoost 514 

Ensemble and Gradient Boost Ensemble models were leveraged as meta-learning 515 

classifiers for the deep ensemble approach. The Logistic Ensemble CNNs Model was 516 

trained with a regularizing strength of 40 and l2 penalization. The model was trained for 517 

100 iterations for convergence. The SVC Ensemble CNNs Model gave best results using 518 

RBF kernel, regularizing strength of 40 and l2 penalization. The Decision Tree Ensemble 519 

CNNs Model was hyper parameterized using Gini impurity criterion for splits and the 520 

tree was allowed to deepen till all leaves are pure or has 2 samples. The Naïve Bayes 521 

Ensemble CNNs Model used the Gaussian Naïve Bayes algorithm for classification. The 522 

KNN Ensemble CNNs Model was trained with K = 10 obtained using elbow method. 523 

The Random Forest Ensemble CNNs Model was tuned to 100 tree estimators without 524 

bootstrapping dataset and Gini impurity as the split condition to get optimum results. 525 

Bagging Ensemble CNNs Model using 30 Decision tree base estimators and 526 

bootstrapped dataset gave the best result on test database. The AdaBoost Ensemble 527 

Model with 100 Decision Tree base learners and a learning rate of 0.7 gave optimum 528 

results. Gradient Boosting Ensemble Model was hyper parameterized with 100 base 529 

estimator boosting rounds with a learning rate of 0.9 for best results. Figure 9 depicts the 530 

proposed approach.  531 



Electronics 2022, 11, x FOR PEER REVIEW 17 of 33 
 

 

 

Figure 9. Shallow Meta-Learning Ensemble CNN Model. 532 

2.4.3. NN Ensemble CNN Model  533 

In the NN Ensemble CNN meta-learning approach [57], the feature maps obtained 534 

from the final convolutional layer of the four trained Deep CNN models were global 535 

average pooled to get deep feature vectors. Global Average Pooling takes the average of 536 

each feature map thereby reducing the size of the features and the parameters to get a 537 

better representational mapping to the class labels. These four feature vectors were then 538 

combined to get the Ensemble deep feature vectors.  539 

 540 

 

Figure 10. NN Ensemble CNN Model. 541 

A feed-forward neural network (NN) classification head was then employed to 542 

meta-learn the deep ensemble feature vector along with the final softmax activation 543 

which gives the class probabilities. The NN classification head was hyper-parameter 544 

tuned with different numbers of layers, number of neurons per layer and dropout 545 

factors. After tuning, the best validation accuracy obtained was by using a four-layer 546 

NN with 1024, 256, 64 and 3 neurons respectively to each layer and 0.2% dropout, which 547 
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is shown in Figure 10. The maximum of the softmax scores was used as the Ensemble 548 

model's predicted class for classification. 549 

2.4.4. FCN Ensemble CNN Model  550 

In the FCN Ensemble CNN meta-learning approach [57], feature map outputs from 551 

the final convolutional layer of the four trained Deep CNN models were then 552 

concatenated along the channels to obtain the Ensemble deep feature map. A Fully 553 

Convolutional Network (FCN) was then meta-learned to get the final softmax 554 

predictions. The FCN architecture was hyper-parameter tuned with different 555 

convolutional layers and different numbers of various convolutional and max-pooling 556 

kernel sizes (2x2, 3x3 and 4x4). After experimenting, an FCN modelled with three 557 

convolutional blacks made of 2x2 convolutional and max-pooling kernels of 2048, 512, 558 

and 64 kernels per block respectively gave the best result on the validation database. 559 

Figure 11 illustrates the proposed approach. The final feature map was then flattened 560 

and passed through a dense layer with softmax activation to get the final classification 561 

scores. The maximum of the softmax scores was used as the Ensemble model's predicted 562 

class for classification. 563 

 

Figure 11. FCN Ensemble CNN Model. 564 

2.4.5. Attentive Ensemble CNN Model  565 

In the Attentive Ensemble-CNN model, the feature maps corresponding to the final 566 

convolutional layers were extracted from the four trained models. 1x1 pointwise 567 

convolution was performed on each of these feature maps to reduce the channels of the 568 

maps to the same depth. These maps were then passed as input feature embedding to 569 

three stacks of Multi-Head Attention encoders. The encoder was constructed using a 570 

multi-head attention layer that used a scaled dot product attention mechanism and a 571 

Feed Forward Network made of 3x3 convolution layer. Skip connections were also 572 

employed between the sub-layers for better feature propagation. Each of these encoders 573 

learns the relative importance of the feature embeddings with respect to the other 574 

embeddings. The attention-encoded feature maps are then passed onto the next encoder 575 

in a feed-forward fashion as shown in Figure 12. The final encoded feature maps were 576 

then concatenated and passed through a dense layer with softmax activation to get the 577 

final classification scores. The maximum of the softmax scores assigned the Ensemble 578 

model's predicted class for classification. 579 
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Figure 12. Attentive Ensemble CNN Model. 580 

2.5. Experiment Setup 581 

The Deep CNN models and the Ensemble learning models were built, trained, and 582 

evaluated using the TensorFlow / Keras framework with Python programming on cloud 583 

TPU engine (8 TPU v2 cores with 64GB total memory performing 180 TFlops). The 584 

image database was split into five-fold cross validation and test databases as shown in 585 

Table 1 using a pseudo random generator and loaded into the TPU cache memory. 95% 586 

of the database was used for 5-fold cross validation. The rest 5% of the database was 587 

used for testing. In the 5-fold cross validation dataset, 80% was used as training and 20% 588 

was used for cross validation during each fold. Each model was trained using five-fold 589 

cross validation before being restored to the epoch with the best results on the validation 590 

database. To exploit TPU performance, images with a resolution of 224x224 pixels were 591 

sent to the models in mini-batches of 80. 592 

Table 1. Fivefold cross validation and testing CT scan image distribution. 593 

 CT Scan Database Split Count 

5-Fold Cross Validation 

Training 13000 

Validation 3248 

Testing 856 

 594 

3. Results 595 

3.1. Evaluating Single Deep CNN Architectures  596 

Adam optimizer [56] with a learning rate of 0.001 was utilized to train the Deep 597 

CNN classification models using categorical cross-entropy as the computed loss. The 598 

evaluation metrics obtained by these models on the test database are shown in Table 2.  599 

It is evident from the table that ResNet-152-v2, Densenet-201, Efficientnet-B7 and 600 

Xception architectures gave better accuracy and average F1-scores on the test database 601 

as compared to VGG-19, Inception-v3 and InceptionResNet-v2.  These four best 602 

performing models were saved and used as base models for future Ensemble learning 603 

approaches. The Xception Model gave the best accuracy of 99.18% while the VGG-19 604 

model gave the worst accuracy of 96.18%. All the models except VGG-19 were able to 605 

classify the CT scan images with accuracy and F1-score more than 98.65%. The 606 

Inception-v3, ResNet-152-v2, Efficientnet-B7 and Xception models were able to classify 607 

the Viral Pneumonia CT scan images with a perfect score of 1. The DenseNet-201, 608 
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ResNet-152-v2, Xception and EfficientNet-b7 models performed fairly even at high 609 

thresholds by producing an AUC value more than 99.2%. 610 

 611 

Table 2. Evaluation Metrics for Deep CNN Models. 612 

 Accuracy Class Label Precision Recall F1 Score AUC 

VGG-19 

Model 

 

0.9678 

COVID-19 0.9810 0.9453 0.9628 0.9585 

Normal 0.9430 0.9821 0.9622 0.9525 

Viral 

Pneumonia 

0.9926 0.9926 0.9926 0.9956 

Inception-v3 

Model 

 

0.9871 

COVID-19 0.9946 0.9765 0.9855 0.9879 

Normal 0.9738 0.9940 0.9838 0.9849 

Viral 

Pneumonia 

1.0000 1.0000 1.0000 1 

ResNet-152-v2 

Model 
 

0.9895 

COVID-19 0.9921 0.9843 0.9882 0.9897 

Normal 0.9823 0.9910 0.9867 0.9882 

Viral 

Pneumonia 

1.0000 1.0000 1.0000 1 

Inception 

ResNet-v2 

Model 

 

0.9883 

COVID-19 1.0000 0.9765 0.9881 0.9906 

Normal 0.9795 0.9970 0.9882 0.9888 

Viral 

Pneumonia 

0.9782 1.0000 0.9890 0.9891 

DenseNet-201 

Model 

 

0.9884 

COVID-19 0.9794 0.9947 0.9870 0.9875 

Normal 0.9945 0.9792 0.9871 0.9903 

Viral 

Pneumonia 

1.0000 0.9925 0.9962 0.9993 

Xception 

Model 

 

0.9918 

COVID-19 0.9947 0.9870 0.9908 0.9921 

Normal 0.9852 0.9940 0.9896 0.9907 

Viral 

Pneumonia 

1.0000 1.0000 1.0000 1 

EfficientNet-b7 

Model 

 

0.9895 

COVID-19 0.9947 0.9817 0.9867 0.9900 

Normal 0.9795 0.9940 0.9867 0.9878 

Viral 

Pneumonia 

1.0000 1.0000 1.0000 1 

 613 

3.2. Evaluating Voting Ensemble CNN Models  614 

For the Average and Majority Voting Ensemble models, the four saved trained 615 

models (ResNet-152-v2, Densenet-201, Xception and Efficientnet-b7) were used as base 616 

models. The Voting Ensemble model, evaluated on the test database produced the 617 

evaluation metrics as shown in Table 3. Both the models produced an accuracy and 618 

average F1 score more than 99.4% thereby outperforming the deep CNN architectures. 619 

Both the models performed relatively well even at high thresholds by producing an 620 

AUC value more than 99.56% outperforming the Deep CNN models. 621 

 622 

 623 

624 
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      Table 3. Evaluation Metrics for Voting Ensemble CNN Models. 625 

 Accuracy Class Label Precision Recall F1 Score AUC 

Average 

Ensemble 

CNN Model 

 

0.9953 

COVID-19 1.0000 0.9895 0.9947 0.9957 

Normal 0.9882 1.0000 0.9941 0.9941 

Viral 

Pneumonia 

1.0000 1.0000 1.0000 1 

Majority 

Ensemble 

CNN Model 

 

0.9942 

COVID-19 1.0000 0.9869 0.9934 0.9947 

Normal 0.9853 1.0000 0.9926 0.9926 

Viral 

Pneumonia 

1.0000 1.0000 1.0000 1 

 626 

3.3. Evaluating Shallow Meta-Learning Ensemble CNN Models  627 

For the Shallow meta-learning Ensemble CNNs models, the four trained Deep CNN 628 

feature extractors were used as ensemble base models to train the machine learning 629 

meta-learners as shown in Figure 5. Table 4 shows the metrics obtained after evaluating 630 

the models on the test database. The Logistic, KNN, Random Forest, Bagging, AdaBoost 631 

and Gradient Boosting meta learners achieved accuracy and an average F1 score of more 632 

than 99.18% thereby outperforming the deep CNN architectures. Random Forest and 633 

Gradient Boosting Ensemble CNNs models produced the best performance but were not 634 

able to outperform the Voting Ensemble CNNs models. The KNN, Random Forest, 635 

AdaBoost, Gradient Boosting and Bagging Ensemble CNNs models performed relatively 636 

well even at high thresholds by producing an AUC value more than 99.5% 637 

outperforming the Deep CNN models. The rest of the shallow meta-learners performed 638 

relatively poor at higher classification thresholds. The Shallow me-ta-learning Ensemble 639 

CNNs models were not able to outperform the Voting Ensemble CNNs models in terms 640 

of AUC. 641 

 642 

Table 4. Evaluation Metrics for Deep Ensemble Models using ML classifiers. 643 

 Accuracy Class Label Precision Recall F1 Score AUC 

Logistic 

Ensemble 

CNNs Model 

 

0.9918 

COVID-19 0.9896 0.9921 0.9908 0.9916 

Normal 0.9910 0.9881 0.9895 0.9916 

Viral 

Pneumonia 

1.0000 1.0000 1.0000 1 

SVC 

Ensemble 

CNNs Model 

 

0.9885 

COVID-19 0.9795 0.9973 0.9883 0.9874 

Normal 0.9969 0.9762 0.9865 0.9899 

Viral 

Pneumonia 

1.0000 1.0000 1.0000 1 

Decision Tree 

Ensemble 

CNNs Model 

 

0.9907 

COVID-19 0.9947 0.9843 0.9895 0.9910 

Normal 0.9824 0.9940 0.9882 0.9892 

Viral 

Pneumonia 

1.0000 1.0000 1.0000 1 

Naïve Bayes 

Ensemble 

CNNs Model 

 

0.9883 

COVID-19 0.9794 0.9947 0.9870 0.9875 

Normal 0.9939 0.9792 0.9865 0.9903 

Viral 

Pneumonia 

1.0000 0.9925 0.9962 0.9993 

KNN 

Ensemble 

CNNs Model 

 

0.9929 

COVID-19 0.9922 0.9947 0.9934 0.9939 

Normal 0.9940 0.9881 0.9910 0.9931 

Viral 

Pneumonia 

0.9926 1.0000 0.9963 0.9963 
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Random 

Forest 

Ensemble 

CNNs Model 

 

0.9953 

COVID-19 0.9911 0.9970 0.9940 0.9955 

Normal 0.9973 0.9921 0.9947 0.994 

Viral 

Pneumonia 

1.0000 1.0000 1.0000 1 

Bagging 

Ensemble 

CNNs Model 

 

0.9919 

COVID-19 0.9947 0.9869 0.9908 0.9921 

Normal 0.9852 0.9940 0.9896 0.9907 

Viral 

Pneumonia 

1.0000 1.0000 1.0000 1 

AdaBoost 

Ensemble 

CNNs Model 

 

0.9941 

COVID-19 0.9973 0.9895 0.9934 0.9944 

Normal 0.9882 0.9970 0.9926 0.9931 

Viral 

Pneumonia 

1.0000 1.0000 1.0000 1 

Gradient 

Boosting 

Ensemble 

CNNs Model 

 

0.9952 

COVID-19 1.0000 0.9895 0.9947 0.9941 

Normal 0.9882 1.0000 0.9941 0.9957 

Viral 

Pneumonia 

1.0000 1.0000 1.0000 1 

 644 

3.4. Evaluating Deep Meta-Learning Ensemble CNN Models  645 

For the proposed Deep meta-learning Ensemble CNNs models, the four trained 646 

Deep CNN feature extractors were used as ensemble base models to train the deep 647 

learning architectures using hyperparameters as shown in Figure 6, Figure 7 and Figure 648 

8. Adam optimizer [56] with a learning rate of 0.001 was utilized to train the ensemble 649 

classification models using categorical cross-entropy as the computed loss. Table 5 650 

shows the evaluation metrics obtained after evaluating the models on the test database. 651 

The deep meta learners produced an accuracy and average F1 score more than 99.65% 652 

thereby outperforming the Deep CNN models, Voting Ensemble CNNs models and 653 

Shallow meta-learning Ensemble CNNs models. The Attentive Ensemble model 654 

achieved the best performance with an accuracy of 99.88% and classifying COVID-19 655 

with an F1-score of 99.87. 656 

Table 5. Evaluation Metrics for Deep Ensemble Models using deep learning classifiers. 657 

 Accuracy Class Label Precision Recall F1 Score AUC 

NN 

Ensemble 

CNNs Model 

 

0.9965 

COVID-19 0.9948 0.9973 0.9960 0.9963 

Normal 0.9970 0.9940 0.9955 0.9965 

Viral 

Pneumonia 

1.0000 1.0000 1.0000 1 

FCN 

Ensemble 

CNNs Model 

 

0.9977 

COVID-19 1.0000 0.9948 0.9973 0.9978 

Normal 0.9941 1.0000 0.9970 0.9970 

Viral 

Pneumonia 

1.0000 1.0000 1.0000 1 

Attentive 

Ensemble 

CNNs Model 

 

0.9988 

COVID-19 0.9974 1.0000 0.9987 0.9987 

Normal 1.0000 0.9970 0.9985 0.9990 

Viral 

Pneumonia 

1.0000 1.0000 1.0000 1s 

 658 

3.5. Confusion Matrix for Deep CNN Models  659 

Figure 13(a) – (g) depicts the confusion matrices obtained on evaluating the Deep 660 

CNN models on the test database. The DenseNet-201 and Xception models performed 661 

fairly on classifying the COVID-19 lung CT scans by misclassifying less than five. The 662 
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Inception-v3, InceptionResNet-v2, Xception and EfficientNet-b7 models performed 663 

fairly on classifying the normal lung CT scans by misclassifying less than three. 664 

 665 

 666 

   
(a) (b) (c) 

   
(d) (e) (f) 

 
 

(g) (h) 

Figure 13. Confusion Matrix for Deep CNN Models (a) VGG-19 Model (b) Inception-v3 Model (c) 667 
ResNet-152-v2 Model (d) InceptionResNet-v2 Model (e) DenseNet-201 Model (f) Xception Model 668 
(g) EfficientNet-b7 Model. (h) Label 669 

3.6. Confusion Matrix for Voting Ensemble Models  670 

Figure 14(a)-(b) shows the confusion matrices obtained on evaluating the Voting 671 

Ensemble CNNs models on the test database. Both models performed well by perfectly 672 

classifying the normal and viral pneumonia lung CT scans and misclassifying less than 6 673 

COVID-19 lung CT scans. 674 
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(a) (b) (c) 

Figure 14. Confusion Matrix for (a) Average Ensemble CNN Model (b) Majority Ensemble CNN 675 
Model. (c) Label 676 

3.7. Confusion Matrix for Shallow Meta-Learning Ensemble CNN Models  677 

Figure 15(a) – (i) shows the confusion matrices obtained on evaluating Shallow 678 

meta-learning Ensemble CNNs models on the test database. The SVC, KNN, Naive 679 

Bayes and Random Forest Ensemble CNNs models performed really well on classifying 680 

the COVID-19 lung CT scans by misclassifying less than four. The Decision Tree, 681 

Random Forest, AdaBoost, Gradient Boosting and Bagging Ensemble CNNs models 682 

performed well in classifying the normal lung CT scans by misclassifying less than three. 683 

All these models misclassified one or zero viral pneumonia lung CT scans. 684 

 685 

   
(a) (b) (c) 

   
(d) (e) (f) 
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(g) (h) (i) 

Figure 15. Confusion Matrix for Shallow Meta-Learning Ensemble CNN Models (a) 686 

Logistic (b) SVC (c) KNN (d) Naïve Bayes (e) Decision Tree (f) Random Forest (g) 687 

AdaBoost (h) Gradient Boosting (i)Bagging Ensemble CNN Model. 688 

 689 

3.8. Confusion Matrix for Deep Meta-Learning Ensemble CNN Models  690 

Figure 16(a)-(c) shows the confusion matrices obtained on evaluating the Deep 691 

meta-learning Ensemble CNNs models on the test database. From the confusion 692 

matrices it is evident that these models achieved the best performance by misclassifying 693 

less than 4. The Attentive Ensemble CNNs model perfectly classified all the test COVID- 694 

19 lung CT scan images while the FCN Ensemble CNNs model perfectly classified all the 695 

test normal lung CT scan images. All the models perfectly classified all the viral 696 

pneumonia test lung CT scans. The models produced the best results even at high 697 

thresholds by achieving an AUC value more than 99.75% outperforming the Deep CNN 698 

models and Shallow meta-learning Ensemble CNNs models. 699 

 700 

   

 

(a) (b) (c) (d) 

Figure 16. Confusion Matrix for Deep Meta-Learning Ensemble CNN Models (a) NN (b) FCN (c) 701 
Attentive Ensemble CNN Model. (d) Label 702 

3.9.Robustness on Chinese CT Scan Database 703 

The robustness of the proposed framework to generalization was tested by 704 

evaluating the trained model on a subset of a Chinese CT Scan database [58]. 1470 CT 705 

scan images were tested to classify them as COVID infection, common pneumonia or 706 

Normal condition. Table 6 shows the accuracy and F1 score of the evaluated models on 707 

Chinese CT Scan database. The Deep CNN models struggled to classify some images 708 

due to the variance in the Chinese data distribution compared to training database. The 709 

proposed models were able to perform decently thereby ensuring the generalization 710 

capability of the Ensemble approach. 711 

 712 

 713 

 714 

 715 
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Table 6. Evaluation Metrics on Chinese CT Scan database 716 

Model   Accuracy F1 Score  

VGG-19   0.8880 0.8879 

Inception-v3   0.8977 0.8974 

ResNet-152-v2   0.9253 0.9251 

InceptionResNet-v2   0.9499 0.9498 

DenseNet-201   0.9482 0.9481 

Xception   0.9511 0.9508 

EfficientNet-b7   0.8794 0.8794 

Average Ensemble CNNs   0.9641 0.9641 

Majority Ensemble CNNs   0.9710 0.9698 

Logistic Ensemble CNNs   0.9402 0.9401 

SVC Ensemble CNNs   0.9395 0.9394 

Decision Tree Ensemble CNNs   0.9513 0.9511 

Naïve Bayes Ensemble CNNs   0.9381 0.9369 

KNN Ensemble CNNs   0.9290 0.9287 

Random Forest Ensemble CNNs   0.9644 0.9643 

Bagging Ensemble CNNs   0.9597 0.9597 

AdaBoost Ensemble CNNs   0.9644 0.9643 

Gradient Boosting Ensemble CNNs   0.9750 0.9747 

NN Ensemble CNNs   0.9766 0.9765 

FCN Ensemble CNNs   0.9749 0.9749 

Attentive Ensemble CNNs   0.9784 0.9782 

 717 

3.10. Model Complexities  718 

Table 7 shows the total parameters and the inference time (at 180 TFlops) of each of 719 

the presented Deep Learning models. The time complexity of the proposed approach 720 

includes time for training four base CNNs as well as training the meta-learners. The 721 

space complexity of the frameworks includes storing the CT scan images as input for 722 

Deep CNNs and also the output deep feature maps which will then serve as input for 723 

the meta learners. The trained parameters of the base learners and the meta learners 724 

need to be saved for inference. The hyper-parameters of the Deep CNN models are as 725 

proposed in works [48-53]. The Voting Ensemble CNNs models used the parameters of 726 

the entire Deep CNN classification models for final prediction while the presented Deep 727 

and Shallow Meta-Learning Ensemble CNNs models utilized the parameters of the Deep 728 

CNN feature extractors for meta-learning. The inference time was obtained after 729 

warning the TPU for few epochs on the test database. The Voting Ensemble CNNs 730 

Models used the least inference time while the Deep meta-learning Ensemble CNNs 731 

models consumed the most inference time. 732 

Table 7. Model Complexities. 733 

Model 
Abbrevi

ation 
Model Type 

Total 

Parameters 

Inference 

Time 

(ms/image)  

VGG-19 VGG CNN 

 

46,273,347 10.531 

Inception-v3 IV3 74,790,435 6.062 

ResNet-152-v2 R152 161,650,947 6.710 

InceptionResNet-v2 IRV2 94,217,187 9.500 

DenseNet-201 D201 115,218,755 11.34 

Xception XCEP 124,180,779 7.093 
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EfficientNet-b7 ENB7 193,107,098 10.718 

Average Ensemble CNNs AEC Voting Ensemble 

 

413,133,967 4.211 

Majority Ensemble CNNs MEC 413,133,967 4.208 

Logistic Ensemble CNNs LEC Shallow Ensemble 

 

 

 

 

 

 

 

 

161,627,799 4.615 

SVC Ensemble CNNs SVC 161,628,476 4.887 

Decision Tree Ensemble CNNs DTE 161,620,824 7.231 

Naïve Bayes Ensemble CNNs NBE 161,620,015 4.712 

KNN Ensemble CNNs KNN 161,620,324 4.698 

Random Forest Ensemble CNNs RFEC 161,621,950 7.723 

Bagging Ensemble CNNs BEC 161,624,916 8.072 

AdaBoost Ensemble CNNs ADA 161,624,377 8.588 

Gradient Boosting Ensemble CNNs GBEC 161,625,412 8.974 

NN Ensemble CNNs NNEC Deep Ensemble 

 

 

170,708,994 13.215 

FCN Ensemble CNNs FCNEC 236,229,890 14.327 

Attentive Ensemble CNNs ATEC 174,006,978 14.671 

 734 

4. Discussion 735 

Ensemble modelling combined the four trained deep CNNs allowing the meta- 736 

learners to decide predictions based on different features learned by the base models. 737 

The deep features are extracted from four trained models thereby ensuring 738 

independence between the features while Ensemble modelling. Comparing Table 3, 739 

Table 4 and Table 5 with Table 2, it is evident that the presented Deep Ensemble CNNs 740 

models outperform the deep CNN architectures portraying better accuracy and F1- 741 

scores. In contrast to the Conventional Ensemble Learning Models that aggregate the 742 

final predictions from the base models to produce the ensemble prediction, the Deep 743 

Ensemble Learning Models use deep feature vectors or feature maps from the trained 744 

models to train shallow or deep meta-learners. From the experiments, it can be deduced 745 

that using an Ensemble model with a strong meta-classifier like NN, CNN or Attention 746 

can outperform the Conventional and Shallow Ensemble models. The improved model 747 

complexity also allows the model to fit better on the training data thereby reducing the 748 

bias. By synergizing the deep feature maps, the Deep Ensemble models learn broad 749 

independent features pertaining to the data thereby allowing the models to generalize 750 

better on the test database. 751 

Figure 21 and Figure 22 summarizes the prediction accuracies and COVID-19 752 

classification F1-scores, obtained after evaluating the models on the test database. Out of 753 

the ensemble approaches, the proposed Attentive Ensemble CNNs Model produced 754 

better generalization in different evaluation metrics as it allowed the model to learn the 755 

relative significance between the ensemble feature embeddings.  756 

Figure 23 and Figure 24 summarizes the total parameters and inference time of the 757 

presented models. The depth wise separable convolution in Xception feature extractor 758 

allows for lesser number of parameters thereby reducing overfitting. The dense block in 759 

DenseNet feature extractor allows for better gradient propagation and feature sharing. 760 

The Voting Ensemble CNNs models combined the four Deep CNN classification models 761 

where the classification heads took up the greatest number of parameters. The Voting 762 

models used the trained base models for inference and hence took less time for 763 

inference. The presented Deep and Shallow Meta-Learning Ensemble CNNs models 764 

employed meta-learners after the convolutional layers and hence contained lesser 765 

number of parameters. The Attentive Ensemble took the longest time for inference due 766 

to the computationally heavy attention mechanism. 767 

The trained models can be directly served on a cloud service like Vertex AI on 768 

Google Cloud. The chest CT scan images obtained can be sent to the model endpoint 769 

using REST API provided by the cloud service provider. The model predictions can be 770 
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sent back to the end user thus aiding the medical diagnosis. The images can be sent in 771 

batches or in streams for offline or online predictions respectively depending on the 772 

application needs. 773 

 774 

Figure 21. Prediction Accuracy. 775 

 776 

Figure 22. Prediction F1 Score. 777 

 778 

Figure 23. Ensemble Model Parameters. 779 
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 780 

Figure 24. Inference Time of Ensemble Models. 781 

 782 

5. Conclusions 783 

This paper presented Deep Ensemble Learning architectures to classify infected 784 

chest CT scan images as COVID-19, as Viral Pneumonia or as Normal. Popular Deep 785 

CNN architectures were trained to classify these images using 5-fold cross-validation 786 

and the top four best performing models (ResNet-152-v2, Densenet-201, Xception and 787 

EfficientNet-B7) on the test database were employed as trained base models for 788 

Ensemble learning. Voting Ensemble CNNs models, Shallow meta-learning Ensemble 789 

CNNs models and Deep meta-learning Ensemble CNNs models were then presented in 790 

this study. The Voting Ensemble CNNs model utilized the final prediction probabilities 791 

of the four trained CNN models. The Shallow meta-learning Ensemble CNNs models 792 

utilized the feature vectors extracted by the Deep CNNs to train classical machine 793 

learning models. The Deep meta-learning Ensemble CNNs models utilized the feature 794 

maps extracted by the Deep CNNs to train deep meta-learners (NN or FCN or 795 

Attention). The presented Deep meta-learning Ensemble CNNs models outperformed 796 

the Deep CNNs models, Conventional Ensemble CNNs models and Shallow meta- 797 

learning Ensemble CNNs models achieving state-of-the-art results on multiple 798 

evaluation metrics. This study also proposed a novel Attentive Ensemble CNNs model 799 

that learns the relative importance between the feature embeddings thereby allowing the 800 

model to focus on relevant feature embeddings while making the prediction. The 801 

improved performance of the Deep Ensemble Learning models can be attributed to the 802 

reduced bias and variance obtained as a result of increased model complexity and the 803 

synergized deep feature maps.  804 

Future developments of the proposed approach include using 3D CT scans to train 805 

3D CNN Ensemble models. Vision Transformers can also be experimented as base 806 

learners by replacing Deep CNNs. The proposed approach can also be used for CT scan 807 

segmentation by training on well annotated CT scans. This can enable the radiologists to 808 

locate the exact area of the infection. Activation maps of the Deep CNN base learners 809 

can be visualized to identify the part of the CT scan image that proved to be relevant for 810 

the particular classification. The proposed classification approach can be extended to 811 

more classes by increasing the variety and volume of the database.  812 
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